This paper investigates the e↵ect of market size on innovation activities across di↵erent durable good industries in the Chinese manufacturing sector. We use a potential market size measure driven only by changes in the Chinese income distribution which is exogenous to changes in prices and qualities of durable goods to instrument for actual future market size. Results indicate that an increase in market size by one percent leads to an increase of 0.27% in firm-specific total factor productivity and an increase in labor productivity by 0.42%. These findings are robust to controlling for export behavior of firms and supply side drivers of R&D.
Introduction
To which extent does the emerging middle class fuel growth and technical change in the Chinese manufacturing industries? The unprecedented growth in average incomes in China since the outset of its economic reforms in 1978 lifted over half a billion people out of poverty. The process was associated with the emergence of a new class of consumers with discretionary income to spend on consumer goods that satisfy less basic needs. This paper asks whether and to which extent the expected expansion of the local market for consumer durables might have stimulated productivity-enhancing investments by Chinese firms, thus partly contributing to an explanation of the surge of technical progress in Chinese manufacturing.
Our empirical investigation is motivated by recent theories of growth with directed technical change (e.g., Acemoglu and Zilibotti 2001, Acemoglu 2002, henceforth DTC) and with non-homothetic preferences (Foellmi and Zweimüller 2006, Boppart 2011, henceforth NHP) . The theory of DTC predicates that firms' investments in new technologies hinge on a market size e↵ect: as the demand for a good produced by a particular industry increases, firms in such an industry invest more in the creation or adoption of new technologies relative to industries in which demand is sluggish. The theory of NHP predicts, in turn, that economic growth a↵ects the sectoral composition of domestic demand. It is wellknown, for instance, that economic development and the formation of a middle class reduces the food share of consumption and stimulates the demand of durable consumption goods. If, in addition, there is a hierarchy in the consumers' purchase of durable good (e.g., as they grow richer, households purchase first a motorbike, and then a car) the process of economic growth is characterized by waves of expansion of the domestic market for di↵erent durable goods. Merging the insight of the two theories yields the prediction that economic growth brings about demand-driven waves of technical progress: the expectation of a future market size expansion for the product of a particular industry causes a boom in innovative activities in that industry. 1 To establish an empirical link between expected market size and technical progress, we combine data from two di↵erent sources: the Chinese Health and Nutrition Survey (CHNS) which provides information on consumption behavior of households; and the Annual Survey of Industrial Production (ASIP) from which firm-specific productivity measures (and their changes over time) can be calculated. We concentrate on 16 industries covering a substantial share of expenditures for consumer durables: cellphones, cars, computers, telephones, refrigerators, home video appliances, washing machines, air conditioning, cameras, satellite dishes, motorcycles, kitchen appliances, radios, sewing machines, electric fans and cycles.
A potential problem with our empirical analysis is the endogeneity of market size. Technical progress can be the trigger rather than the e↵ect of the expansion in the domestic market of a specific product, e.g., by causing a fall in its sale price. To tackle the endogeneity problem we exploit the large variation in the households' distribution across income classes associated with the Chinese economic growth during the last two decades: in 1990 less than one percent of Chinese households fell into the category of high-middle income and high-income households, while both low-income and low-middle income house-holds made up close to 50 percent each. 2 By the year 2009, the fraction of low-income and low-middle income households has fallen below 10 percent and to 40 percent, respectively, while the fraction of high-middle and high-income households has increased to more than 30 percent and 20 percent, respectively. These changes lead to predictable, di↵erential changes in demand across various consumer goods industries. For instance, to return to the previous example, the market for motorcycles booms earlier than the market for cars. However, at some point, the former becomes saturated, and the potential for future market expansion dies o↵. At that point, it is the car industry that starts attracting investments and innovative activities. It is this source of variation that forms the basis of our strategy to identify the impact of expected demand on technical change in Chinese manufacturing industries.
More precisely, we construct product-specific Engel-curves for the 16 consumer durables, and estimate changes in expected market size for each durable good. We first fix incomegroup specific ownership rates of a particular durable good to a particular base-year and then use the changing population shares across income classes to calculate a measure of potential ownership and potential market size in other years. This yields an industryspecific markets size measure, whose evolution over time is entirely driven by changes in the income distribution. Changes in ownership patterns of a given income group, which might be induced by changes in prices or the quality of goods, do not a↵ect this potential market size measure. To the extent that these di↵erential changes in expected markets size are uncorrelated with unobserved factors that drive innovation incentives, our market size measure identifies the impact of expected demand on technical change in Chinese manufacturing.
We find quantitatively important demand e↵ects on technical change: a one percent increase in expected market size increases firm-specific TFP by 0.27% and firm-specific labor productivity by 0.42%. Hence our findings suggest that firms in industries with a large expected local market are significantly more productive today, and show higher levels of other measures of innovative activity. Moreover, the e↵ect of expected market size becomes larger when the expected market size measure is constructed from a longer time window over which firms may form expectations about local market size.
The estimated e↵ect of expected market size is robust to a number of checks. First, we include a rich set of firm-level determinants of R&D and market concentrations, in particular foreign and government ownership, as some scholars pointed out that this may a↵ect productivity to a considerable degree (Van Reenen and Yueh, 2012) . Second, we show that our results are robust to supply-side drivers of R&D a↵ecting innovation opportunities of Chinese firms by including a measure of worldwide technology potential reported by Swiss firms. Third, our findings our robust when we control for a firms' export status. This is particularly important in the context of China, as the Chinese economy is strongly export-driven, so demand conditions on export markets may be more relevant for productivity and technical progress than domestic demand. We test for the robustness of our results controlling for firms' export behavior. Interestingly, in our dataset there is a stark dichotomy between exporting and non-exporting firms. About 50% of the firms in our sample do not export at all, whereas for 24% of them exports account for more than 75% of their total sales. 3 Interestingly, we find that the domestic market size e↵ect is totally insignificant for exporting firms. Instead, our results are driven entirely by non-exporting firms serving exclusively the Chinese market. This is coherent with our hypothesis that innovative activity is driven by the expectations of future market size. For exporting firms what matters is the global market, thus the expansion of the domestic market size is less important. It is instead the technology adoption behavior of non-exporting firms that hinges the most on the expectation of about future domestic demand. For instance, the incentive for a Chinese car producer serving the local market to invest in technology hinges on the expansion of the Chinese middle class. In contrast, this does not matter for an assembling firm producing cameras that are exported to the West.
Empirical studies thoroughly examining the e↵ect of market size on innovation remain relatively scarce with most papers focusing on the pharmaceutical industry. Acemoglu and Linn (2004) document a causal link between market size and innovation building on di↵er-ential patterns of drug use between young and old individuals. Exploiting the demographic changes in the U.S. population as exogenous source of variation in market size, they find a positive e↵ect of expected demand on innovation across di↵erent drug categories. Their findings are quantitatively important and very robust. A one percent increase in potential market size leads to approximately a 4% increase in the entry of new non-generic drugs. Finkelstein (2004) demonstrates that health policies designed to increase utilization of vaccines created strong incentives to develop new vaccines. According to her estimates, a 1 dollar increase in expected annual revenue for vaccines generates additional 6 cents of investment in that vaccine. Moreover, these policies were associated with a 2.5-fold increase in clinical trials for new vaccines. Contrasting evidence comes from Acemoglu et al. (2006) who investigate the e↵ect of Medicare on the development of new pharmaceuticals for the elderly. They find no evidence that the introduction of Medicare is associated with an increase in drug consumption among the elderly. Consistent with this, they also find no evidence of an increase in the approval of new drugs more likely to treat diseases that a↵ect the elderly, after Medicare's introduction. Blume-Kohout and Sood (2012) consider the market size increase for prescription drugs through Medicare Part D which increased pharmaceutical firms' expected sales. They find a significant increase in pharmaceutical R&D for therapeutic classes with a higher Medicare market share. De Mouzon et al. (2011) use detailed data on spending patterns of patients (and their insurers) to show that expected market size has a highly significant and quantitatively important e↵ect on innovations (as measured by the number of new chemical entities of the market of a particular disease class.)
The above findings all indicate a large impact of expected market size on innovative activities but they are specific to the pharmaceutical industry. It is not clear whether empirical evidence from the pharmaceutical industry applies to other industries as well. The recent study by Boppart and Weiss (2013) focuses on demand e↵ects on R&D in the whole U.S. industry. Using the input-output structure of di↵erent industries as an instrument for actual market size, it turns out that a sector's market share has a significant positive e↵ect on sector-specific R&D investments.
Our paper is also related to the literature studying the determinants of the recent sharp increase in R&D and patent activity in China. The share of R&D expenditure on GDP roughly tripled in China from 0.6% in 1996 to over 1.8% in 2011 (The World Bank 2014).
While an increase in R&D intensity is a common pattern over the development process, this has started when China has still a very large technology gap from the frontier. Taiwan, for comparison, reached the same R&D-to-GDP ratio in 1995 as did China in 2009, when its GDP per capita was twice as large as China in 2009. Some recent studies argue that this exceptional pattern is partly due to the opportunities provided by the presence of a large domestic market. Gao and Je↵erson (2007) argue that large and fast growing consumer markets create a premium for research-intensive industries to establish production centers in close proximity to burgeoning-consumer markets. Hu and Je↵erson (2008) go further and suggest that an important driving force could be the changing composition of domestic consumption shifting away from products with low-technology content (such as bicycles) to goods and services that are more technology intensive (such as automobiles).
The rest of the paper is organized as follows. Section 2 describes our data sources and provides some descriptive statistics. Section 3 explains the econometric model and lays out our empirical strategy. Section 4 presents the baseline results and Section 5 discusses a variety of robustness checks. Finally, Section 5 concludes.
Data and Descriptive Statistics
We use two micro-level data sources. The first contains household-level data about the ownership of durable goods to construct a count measure of actual market size. 4 The second contains firm-level manufacturing data about value added, investments and employment that we used to estimate total factor productivity, our main outcome measure of innovative investments.
Market Size
The household-level ownership data are from the China Health and Nutrition Survey (CHNS). The CHNS was collected in eight waves between 1989 to 2009, and covers a representative sample of Chinese urban and rural households across nine provinces with substantial variation in geography, economic development and public resources. These data are publicly available and are widely used in the literature. 5 The CHNS contains information, for a number of durable goods, on how many items of a particular durable good are owned by each household, of which we also know the income and household size. We combine this information with the size of the Chinese population to estimate total number of items of a particular durable good j held by Chinese consumers in year t, denoted by Stock actual j,t . 6 4 Working with durable goods ownership rather than household expenditure data has some important advantages but also bears some di culties. The main advantage is that CHNS' coverage of a relatively broad set of di↵erent durable goods allows to construct a market size measure with substantial industry and time variation which can be linked relatively straightforward to di↵erent industries in the manufacturing data. Second, the lumpy nature of durable goods creates an interesting variation in ownership profiles across the income distribution which can be exploited to create an exogenous measure of market size. As a major disadvantage relative to expenditure data, we have no information about the value of di↵erent durable goods. Therefore, we can only use the population count of each durable good in the population and need to abstract from value weighted market size measure. See Appendix A.1 for greater detail.
5 See, among others, Benjamin et al. (2005) , Benjamin et al. (2005b ), Liu (2008 . See Beerli (2010) for a more detailed description of this data set.
6 The population of China is from the Penn World Tables. More formally, we use the number of items of a specific durable good j in wave t owned by household h, nrowned h,t , and the number of household Figure 1 shows the di↵usion patterns of five selected durable goods between 1989 to 2009: cycles, electric fan, refrigerator, air condition, and car. The years not covered by the CHNS are fitted by linear interpolation. 7 The time interval between 1998 and 2007, which we can match to the firm-level data described below, is marked with the dotted vertical lines. Electrical fans were already widespread in the early years, and feature some saturation in more recent years. Saturation is even stronger for bicycles whose stock is decreasing since 2000, likely to be due to their progressive substitution with higherranked transportation vehicles such as motorcycles and cars. There is no saturation for refrigerators, air conditioning and cars. The ownership of these durables is booming during the period of our study. We use the evolution of the ownership stock to infer the flow of newly purchased goods, our proxy for market size. To calculate such a flow we take into account that the per capita stock of each durable good can change for three reasons: (i) some households acquire the good for the first time (extensive margin); (ii) some households who already own units of the good buy additional units (intensive margin); (iii) some households replace worn out items (replacement demand). Assuming a constant replacement rate j yields the following annual flow of newly purchased goods (actual market size):
members, hhsize h,t , to compute the average number of items per head, i.e.
Ht is total number of households in period t. Then, we take the Chinese population size in year t (China Version 1) from the Penn World Tables 7.0, Heston et al. (2011) , to get Stock actual j,t . 7 "Cycles" are the cumulative ownership of bicycles and tricycles. See Section 2.2 for detail.
Unfortunately, the CHNS provides no information about when households decide to scrap existing durable goods. Nor could we find estimates of depreciation of durables for China. We resort to using the depreciation estimates available for the US from the BEA (2003) . As shown in Table A to one. 9 Figure 2 displays the evolution of market size for the five durable goods displayed in Figure 1 . The electric fan market is stationary; the market for cycles is shrinking; finally the market for refrigerators, air conditioning and cars is increasing.
In our regression analysis below, we use market size over a multi-period horizon. More formally, our market size measure is the yearly average over the relevant period (e.g., k = 4 means a five-year horizon taking into account the stock of goods between t and t + 4):
i .
Industrial Production
We use firm-level data from the Annual Survey of Industrial Production (ASIP) 1998-2007. The survey is conducted by the Chinese government's National Bureau of Statistics (NBS). The ASIP is a census of all non-state firms with more than 5 million RMB in revenue (about $800,000 at the current exchange rate) plus all state-owned firms in manufacturing. The raw data consists of over 150,000 firms in 1998 and grows to over 300'000 firms in 2007. The ASIP covers a wide range of information about the firm's balance sheet, cash-flow and ownership which provides us with a rich set of control variables. This data set has been used extensively in the recent literature. 10 We estimate total factor productivity (TFP) at the firm-level using data on value added, the stock of fixed assets, intermediate inputs and employment applying the estimation procedure suggested by Levinsohn and Petrin (2003) to account for the endogeneity of factor input choices. 11 We take TFP as a proxy for the investment in innovation. 12 We 8 The BEA (2003) estimates the length of service lives (in years) for a large variety of durable goods for years 1925 and 1997 . By definition, assets are ''retired'' from the stock at the end of their service lives. Following the BEA (2003), we set j equal to the inverse of the service life of a durable good j. This represents the share of the total stock of a durable, which needs to be replaced each year, in order to keep the total stock constant.
9 While this adjustment is somewhat arbitrary, we prefer this route to eliminating negative observations from the sample, as the latter would cause a major selection problem. In the case of negative growth, we set MS actual to unity rather than to zero because in the regression analysis below we take the logarithm of MS actual and this is not defined at zero. To keep the ranking of goods unchanged, this then requires us to set all observations between zero and one to one. Note that this adjustment only concerns two observations of MS actual j,t,t+1 of radios in 2004 and 2005. However, in our baseline regressions these two observations are not included as we are interested in the market size e↵ect over a longer time horizon, i.e. MS actual j,t,t+4 . 10 A detailed description of the data set can be found in Brandt et al. (2011) . Other recent papers include, for instance, Feenstra et al. (2011) and Hsieh and Klenow (2009) .
11 The estimation of total factor productivity is explained in greater detail in Appendix A.2.
12 Using TFP as a proxy for innovative investments is common in the literature. See among others, Actual market size is constructed as explained in the text, i.e. MS actual j,t,t+1 check the robustness of our results by using labor productivity as a second measure of innovation activities. This is sometimes preferred to TFP in the literature, due to its superior stability (see also Crépon et al. 1998) . The most natural measure of innovation however, would be R&D expenditure. But unfortunately, we cannot use this measure as it is only available for the years 2005 to 2007.
We link each durable good observed in the CHNS to the four digit manufacturing industry producing it as a final household consumption good according to the NBS (2008) description of the Chinese Industry Classification (CIC) system. A limitation of this approach is that it neglects those industries which produce the durable goods as equipment or intermediate inputs (as opposed to final goods) for other industries -this is however quantitatively not very important for the durable goods we consider. We collapse the 22 categories of durable goods available from the CHNS into 16 manufacturing industries, as in some cases di↵erent durable goods are produced by firms belonging in the same fourdigit manufacturing industry. 13 Following Brandt et al. (2011) we exclude all firms with less then 8 employees and those with negative values of value added and capital stock. 14 Additionally, as noted by Feenstra et al. (2011) , the NBS data are fairly noisy due to Crépon et al. (1998) or Acemoglu et al. (2010) .
13 Since color TVs and DVD players are produced by the same four-digit manufacturing industries, we created a new ownership variable for home video appliances which is simply the cumulative ownership of those two goods irrespectively whether this is a color TV or a DVD player. We proceed in a similar fashion in the case of the kitchen appliance industry as the cumulative of microwaves, rice cookers and pressure cookers and in the case of the cycle industry being the cumulative of bicycles and tricycles. The exact list of durable goods and matched industries can be found in Table A .3 in the data appendix.
14 We also employ their procedure to link restructured firms over time, cf. the online appendix of Brandt et al. (2011) for more details.
mis-reporting and other sources of measurement error. Since measurement error is likely to be larger among very small (e.g. family-managed) firms, which do not set up a formal accounting system, we exclude the smallest 10% of firms in terms of value added (on a yearly basis). 15 We end up with a final sample of 30'883 firm observations in 16 durable good industries over the years 1998-2007. 3 Empirical Strategy
Econometric Model
To study the e↵ect of market size on innovation we consider the following regression model
, where i denotes a firm, j an industry (durable good) and t the time. The main goal is to estimate the e↵ect of the future market size at the industry level, MS actual j,t,t+4 , on the firmlevel measure of innovation activity, Y i,j,t . MS actual j,t,t+4 measures the annual average change in the total number of items of a durable good j between t and t+4 adjusted for depreciation, as discussed above. The five-year window benchmark is similar as in Acemoglu and Linn (2004) , as this is a plausible time horizon to determine firms' investments in innovation. Our main outcome variable is TFP, a proxy for the firm-level investment in technology adoption. We perform robustness analysis using alternative proxies for innovation such as labor productivity, as well as alternative windows for future market size. 16 In all specifications, we include industry fixed e↵ects, ⌘ j , to account for industryspecific innovation intensities (e.g., the car industry is inherently more technology-intensive than the bicycle industry). Time fixed e↵ects, t , absorb aggregate shocks (e.g., business cycle fluctuations, China joining the WTO, etc.). The vector X i,j,t controls for unobserved firm-level heterogeneity to ensure that estimates are not biased by omitted determinants of investment in innovation. 17 First, we control for the firm size using the log number of workers as suggested in the literature. This is important since firm size could be a determinant of its propensity to invest in innovation. Second, we control for the ownership structure of firms that can be important to determine firms' financial structure and innovativeness. 18 Specifically, we take privately owned firms as the reference group and introduce three dummy variables for whether a firm is foreign, state or collective owned. Third, we add a dummy for firms that are older than six years (the median in our sample) in order to control for the age of firms. 19 Further, we include a dummy for firms located in coastal provinces, worrying that firms in the booming coastal regions might be overrepresented in some sectors. Finally, to control for di↵erent intensities of market competition across sectors, we introduce the Hirschmann-Herfindahl index, which is defined as the 15 Alternatively, Feenstra et al. (2011) suggest to exclude firms for which some key accounting identities are not matched in the data. This results in a quite rigorous filtering, however, which would substantially shrink our sample of durable good firms.
16 Depending on the length of the time window, we have to exclude certain industries from the analysis, e.g. since satellite dish ownership is only available from 2006 onwards, we have to exclude this industry in our baseline analysis with the five-year time window.
17 See Crépon et al. (1998) and Mairesse and Mohnen (2010) for a review of firm-level innovation determinants.
18 See for example Song et al. (2011) .
19 Arnold and Hussinger (2005) for example argue that due to possible correlation between size and age of a firm employing a dummy instead of the absolute age seems to be the correct estimation approach.
sum of squared market shares of all firms within the sector. 20 Summary statistics on all variables are listed in Table A .4.
The coe cient of interest, ↵, captures the e↵ect of future market size on a firm's investment in technology. The theory of directed technical change outlined in the introduction predicts that ↵ should be positive. As both our dependent variable and market size are in logs, the coe cient can be interpreted as an elasticity. We now discuss how we address a number of econometric concerns.
Endogeneity and Potential Market Size
The most important econometric issue is the potential endogeneity of the market size measure. Firms' investments in technology adoption can influence the future stream of durable good purchases by a↵ecting the prices or the quality of durable goods. For instance, process innovation reduces production costs, whereas product innovation makes available better varieties for which consumers are willing to pay more. Through these channels, a higher intensity of innovation in an industry may increase the industry's future market size. Due to the endogeneity problem, OLS regressions may yield inconsistent estimates of the parameter ↵. To address this problem, we instrument MS actual j,t,t+4 with a measure of potential market size, MS
which is independent of supply shocks a↵ect-ing the prices or the quality of durable goods. The identification strategy is in close spirit to the ony employed by Acemoglu and Linn (2004) . They use demographic variables to predict the evolution of market size for di↵erent drugs, taking into account the usage pattern across age groups in the population. Intuitively, a fast-aging population implies that the market for drugs used to treat patients su↵ering from the Alzheimer syndrome grows faster than that for drugs used to treat child obesity. Their demography-based measure of potential market size is exogenous to innovative investments, and is therefore a valid instrument. Similarly, in our paper we assume that the market size of each durable good depends on the evolution of income growth and the income distribution, given the di↵u-sion curve associated with each durable good. In particular, we assume that households in di↵erent income brackets purchase each durable good with a given probability that we estimate. Then, we construct a measure of potential market size for each durable good that depends only on macroeconomic variables (e.g. the growth of household income) and not on supply-driven shocks. Under the assumption that macroeconomic changes are exogenous to firms (and industries) investing in new technologies, market potential is a valid instrument for the actual market size. Note that the exclusion restriction would be violated if the innovative investments of firms producing a particular good could a↵ect the future aggregate economic growth (or income distribution) in China. However, this is unlikely to be the case since we focus on narrowly defined industries producing small shares of the total income of China. 21 More formally, we start from breaking down the Chinese population into four groups using fixed income thresholds in constant 2009 Yuan. 22 Figure 3 shows the evolution of 20 Studies that specifically employ the HHI are for example Cotterill (1986) , and . We define the HHI for industry j at time t as the sum of squared market shares (in value added) of all firms operating within this sector at time t. Since we calculate market shares in percentage terms, (between 0 and 100), the HHI lies in the range between 0 and 10 000. We are aware of the fact that the border of markets is less clear for globally operating firms. However, we consider the HHI as the first best measure to capture market competition within the firm's primary (home) market.
21 Also, although investments in innovation are correlated across industries, recall that we control for time dummies in our regressions, so the identification comes from deviations from common trends in TFP.
22 Households are assigned to four income groups according to their household income per capita following the population shares of the four income groups over the survey period. The population share of the two poorer groups falls dramatically over time, especially between 2000 (85 %) and 2009 (47%). Conversely, the share of high income households increases from almost zero in 1997 to 20% in 2009. Together, the two upper income groups account to 52% in 2009. Next, we construct the usage intensities, u j,g,t , by estimating the number of items per capita of each durable good j owned by agents in income group g at time t. Table A.2 in Appendix A.3 presents these usage profiles for the year 2009 in our dataset. As expected, the usage profiles are upward sloping for all durable goods. Yet, there are considerable di↵erences between durable goods. Electric fans, for instance, feature the largest increase in usage at the lower end of the income distribution whereas the usage of cars increases the most as an individual switches from the second highest to the highest group. These di↵erences across usage patterns are the crux of our identification.
Finally, we construct our measure of potential market size as where
and i g,t is the number of people in income group g in year t and u j,g = u j,g,t=2009 is the number of item of durable good j owned per head in income group g in the year 2009. 23 Our measure exploits the fact that there are significant di↵erences in the ownership of durable goods across income groups. As the economy grows, more households enter higher income groups and start purchasing durable goods. This process a↵ects asymmetrically the demand of di↵erent durable goods. As Table A .2 shows, durable goods whose di↵usion increases the most across low income groups (such as electric fans or motorcycles), di↵use faster at an earlier stage of development. In contrast, for goods such as cars, the di↵usion is fastest as more households climb up into the highest income group. Note that there are di↵erences between MS potential j,t,t+1
and MS actual j,t,t+1 . Part of these di↵erences reflect changes (typically, increases) in the usage intensities that apply to all income groups. Beerli (2010) , shows that a large part of these is explained by falls in prices. 24 Price-driven changes in demand, in turn, are likely to be related to supply-side shocks, e.g. technical progress reducing the production cost. Our measure of potential market size abstracts from such changes and is therefore immune from supply-side shocks. In other words, changes in prices and quality of durable goods which may result from investments in technology adoption, cannot cause over-time variation in MS potential j,t,t+1 . 25 In fact, Figure  A .1 in Appendix A.4 reveals that income-specific usage rates are indeed changing due to di↵erential price dynamics. Moreover, the variation across industries shows the di↵erential speed of technological progress across industries.
Omitted Variables
The estimate could also su↵er from an omitted variable bias. In this respect, we address two important specific issues. First, while we focus on the expansion of the domestic durable good market, Chinese firms also engage in a significant export activity. Thus, investment in new technologies may be driven by foreign demand as well. We address this issue in two ways: first, we include a dummy capturing whether a firm is engaged in export activities. Second, to analyze whether exporting firms are significantly di↵erent from domestic-serving firms, we additionally include an interaction term between our market size measure and the export indicator. Another potential source of bias could be global technology shocks which a↵ect di↵eren-tially the propensity of firms to innovate in di↵erent industries. An example could be the rise of automation technology (compare e.g. Autor et al. 2003) . To address this concern, we control for an industry-specific measure of worldwide technology potential reported by Swiss firms.
23 Note that the choice among di↵erent CHNS waves as base-year is to some extent arbitrary. Because the 2009 wave of the CHNS has the richest coverage of durable goods and the highest income group is sampled more accurately than in earlier years, we pick 2009 as our best choice of a base-year. See Appendix A.1 for a detailed discussion.
24 An example is color TVs. Beerli (2010) shows that the rise in income levels can only explain about one third of the total increase in color TV ownership for an average household between 1989 and 2006. 25 We are particularly concerned that innovation activities of firms in year t may a↵ect future usage intensities, i.e. u j,g,t+k with k > 0, and through this the expected market size in upcoming years, MS actual j,t,t+k . Thus, a less conservative notion of potential market size would allow to use lagged usage intensities for each given year. Yet, as innovation activities of firms show considerable serial correlation, we take the most conservative approach possible and fix usage intensities to one specific year.
Results

OLS and IV Regressions
We start by estimating a set of standard OLS regressions, whose results are reported in Table 1 . All regressions include time and industry fixed e↵ects. Standard errors are clustered at the industry-year level. Namely, we allow for correlation between error terms related to observations belonging to the same industry in each given year. 26 Table 1 reports the results. We do not report the estimated coe cients for the full set of control variables, which are deferred to the Appendix (see Table B .1 in Appendix B). Column (1) yields the estimate of ↵ in the baseline OLS regression without controls. The coe cient is positive and highly significant. Increasing the future market size by one percent raises firms' TFP by 0.19%. However, part of the e↵ect could be spuriously driven by omitted time-varying firm characteristics. We then control for a large number of firm-level variables including size, ownership, age, and location. 27 We also control for the Hirschmann-Herfindahl index for market competition at the industry level. Controlling for these firm and industry characteristics causes a reduction in the size of the estimated coe cient, which falls to 0.6% turning statistically insignificant, see column (2) of Table  1 . Clustering at the firm-level reduces the estimated standard error but the coe cient of interest remains insignificant (see column (3)).
Next, we run two-stage least squares (2SLS) regressions to account for the endogeneity of the actual market size measure. We use our measure of "potential market size" as an instrument for the actual market size. As explained in Section 3.2, potential market size is exclusively driven by future changes in the income distribution. This measure is orthogonal to price or quality changes that could a↵ect changes in ownership patterns and cause an endogeneity problem. Formally, for this to be a valid instrument, it must be correlated with the actual market size and be uncorrelated with the error term.
The results of the 2SLS regressions are reported in columns (4)-(6) of Table 1 . The e↵ect of market size on firms' TFP is larger and more precisely estimated than in the OLS specification. Column (4) repeats the regression of column (1), where we control only for industry and time fixed e↵ects. The estimated coe cient is positive and highly significant. Controlling for the firm-and industry level characteristics listed above yields a lower coe cient. However, this remains large and highly significant. The estimate in column (5) -the analogue of the OLS regression in column (2) -implies that a one percent exogenous increase in market size leads to an increase in TFP of 0.27%. This is a large e↵ect (more than four times as large as the OLS estimate), suggesting the importance of profit incentives as a driver of firms' innovation activities. Column (6) completes the picture by clustering the standard errors at the firm-level. This yields an even higher p-value of the estimated coe cient. 28 26 We also consider an alternative clustering strategy allowing for correlation of the error terms at the firm-level. Clustering at the industry-year level turns out to be generally more demanding. An even more demanding strategy would be to cluster standard errors at the industry level. However, this is not possible with our data, since the number of clusters would in this case be too small (see Angrist and Pischke (2009) for a discussion of the problems arising with too few clusters). Following Angrist and Pischke (2009), we check the validity of our results by collapsing observations on the industry level.
27 See Crépon et al. (1998) and Mairesse and Mohnen (2010) for a review of firm-level innovation determinants.
28 The standard error of the estimated coe cient blows up if we cluster residuals at the industry level, rendering the estimated coe cient insignificant. However, as discussed above, this approach is problematic, Table 2 Table 1 . Potential market size is significantly correlated with the actual measure of market size and suggests that a one percent change in potential market size (driven only by income changes) leads to a change in actual market size by nearly 2%. The last row of Table 2 shows that the F-statistic of the excluded instrument is well above the conventional threshold of 10. 29 Column (3) repeats the regression of column (2) clustering standard errors at the firm-level. Notes: *** p<0.01, ** p<0.05, * p<0.1 denote significance on the 10%, 5% and 1% level, respectively. Observations below the 10 percentile of value added each year are excluded. All columns include year and industry fixed e↵ects. Columns (2)- (3) and (5)- (6) include a set of firm-and industry-level controls (the log of number of workers, age (measured by a dummy), a dummy for collective, state and foreign ownership, coastal location, respectively and the Hirschmann-Herfindahl index). ln MS actual j,t,t+4 is instrumented with ln MS potential j,t,t+4 . Notes: *** p<0.01, ** p<0.05, * p<0.1 denote significance on the 10%, 5% and 1% level, respectively. Observations below the 10 percentile of value added each year are excluded. All columns include year and industry fixed e↵ects. Columns (2)-(3) include a set of firm-and industry-level controls (the log of number of workers, age (measured by a dummy), a dummy for collective, state and foreign ownership, coastal location, respectively and the Hirschmann-Herfindahl index). The reported R 2 reported equals the partial
and we do not emphasize it.
29 Compare e.g. Staiger and Stock (1997) for details on the critical F-statistic that reveals a weak instrument problem.
Finally, Figure 4 summarizes our empirical findings by a convenient visualization. We split our data sample at the median value of the change in potential market size between 1998 and 2007. 30 Then we plot the evolution of log productivity broken down by above -and below median industries. Since we empirically stress the importance of the market size e↵ect for firms' innovation behavior, we expect TFP to increase faster for firms within industries that are subject to a positive demand shock over the sample period. The Figure  shows that this is indeed the case. Productivity increased by 1.3 log points in industries above the median change in market size between 1998 and 2007 whereas industries below increased by 0.7 log points. 1998, 1999 . Looking at the change in potential market size ensures that we ignore level di↵erences of market size between industries, as we do later in the regression when we use industry fixed e↵ects.
Robustness
Trimming
In the regressions of Table 1 , we use a trimmed sample excluding the smallest 10% of the firms in terms of value added on a yearly basis. The exclusion of small firms is motivated by the fact that the TFP estimates of small firms are very noisy. In this section we show the sensitivity of the results with respect to alternative trimming thresholds. Column (3) of Table 3 shows the baseline 2SLS estimation (column (5) in Table 1 ), for reference, while columns (1)- (2) and (4)- (5) show the results of the corresponding regressions under di↵er-ent thresholds. 31 The coe cient of interest becomes larger and more precisely estimated the more we trim. No trimming at all yields a coe cient of 0.17, statistically insignificant (see column (1) of Table 3 ). Trimming 5% of the observations yields a coe cient of 0.23 (compared with 0.27 in the benchmark case) which is significant at the 10 percent level. Restricting the dataset further by trimming 25% and 50% respectively, yields even larger coe cients. Note also that the standard error of TFP decreases the more we trim the sample, suggesting that measurement error may be more severe among small firms. Notes: *** p<0.01, ** p<0.05, * p<0.1 denote significance on the 10%, 5% and 1% level, respectively. Robust standard errors (clustered on the industry-year level jt) are given in parentheses. All columns include year and industry fixed e↵ects as well as a set of firm-and industry-level controls (the log of number of workers, age (measured by a dummy), a dummy for collective, state and foreign ownership, coastal location, respectively and the Hirschmann-Herfindahl index). ln MS actual j,t,t+4 is instrumented with ln MS potential j,t,t+4 .
Omitted Variables
A natural concern with our investigation is China's export market. One might suspect the export market to be a key driver of investments in an export-oriented economy like China. As Table A.4 and Figure A. 2 show, 49% of all firms in the durable good industries considered in our study engage in export activities. The export exposure varies considerably across industries. For instance, the average fraction of sales going to foreign markets is high for camera and radio manufacturers (60% and 58%, respectively), while it is fairly low for car and refrigerator manufacturers (2% and 13%, respectively). 32 In Table 4 we show that our previous results are robust to controlling for export behavior. 33 Column (1) is the same as column (5) in Table 1 . In column (2), we include among the regressors an indicator for whether a firm has positive export sales. As expected, we find that exporters are on average more productive than non-exporters; yet, the inclusion of this dummy leaves the coe cient of interested practically unchanged. In column (3), we add an interaction term between the exporter dummy and the market size measure to investigate whether the e↵ect of the domestic market is systematically di↵erent between exporters and non-exporters. The coe cient of the interaction term shows that the e↵ect of the domestic market on innovation is stronger for non-exporters than for exporters. The di↵erence is statistically significant. Alternatively, we estimate the market size e↵ect separately for exporters and non-exporting firms. Again, we find the coe cient of market size to be highly significant (and substantially larger) for non-exporting firms only, while exporting firms show no e↵ect (see Table B .2 in Appendix B). Both results are consistent with the view that the expansion of the domestic market size is less important for globally active firms. 34 Another concern is that global technology shocks could a↵ect the innovation behavior of firms and be correlated with the dynamic of the domestic market. 35 To control for global technology shocks, we include a survey measure of technological opportunities constructed according to the assessment of Swiss firms as reported by the KOF Innovation Survey (2012). In this survey, firms are asked to assess the worldwide availability of technological know-how in private and public hands which could be used to generate marketable new products. 36 Swiss firms have traditionally occupied a strong position in international science and technology activities (see OECD 2013 , Arvanities et al. 2010 . Thus, the information reported by Swiss firms reflect to a considerable degree these global trends in technology. We match this technology potential measure to our durable good industries on a fine grained three or two digit industry level. This variable shows considerable variation across time and over industries (see Figure A. 3). 37 As can be seen in column (4), controlling for global technology shocks does not a↵ect significantly the market size e↵ect on TFP. Controlling for both technology shocks and exports (column (5)) has no significant e↵ect on the coe cient of market size either.
Using Labor Productivity instead of TFP
In this section, we consider (the log of) labor productivity as an alternative dependent variable. While labor productivity may increase due to capital deepening, rather than investment in innovation, it has the advantage of being a less noisy measure than TFP. Labor productivity is computed as the value added per employee. Table 5 displays the results. 38 All regressions include the full set of control variables used in Table 1 . Column (1) shows the result of the OLS regression -the coe cient of market size is now positive and highly significant, contrary to Table 1 . Column (2) shows our preferred specification. 34 In fact, Figure A. 2 shows that the distribution of firms ranked by their exportshare relative to total sales is highly bimodal. Thus, firms seem to serve either only the domestic or exclusively the foreign market, which explains the insignificance of the market size e↵ect for exporters.
35 In a recent survey of the literature, Draca et al. (2006) show that there was a considerable impact of ICT availability on productivity. Additionally, Bloom et al. (2012) show the e↵ect of IT on productivity was di↵erential even within industries depending on whether firms were US-or non-US-multinationals. 36 The KOF Innovation Survey (KOF, 2012) covers a representative sample of Swiss firms in the manufacturing, construction and service sector on a three yearly basis since 1990. To the best of our knowledge, the KOF Innovation Survey is the only publicly available innovation survey which can be used on a highly disaggregate sector level (four digits). Additionally, we check for robustness of this measure using standard innovation measures such as R&D spending, the number of patents and new product outputs share on the same industry level.
37 To maximize accuracy and cross-industry variation, we use three digit industry levels whenever the data allows us to do so. If an industry is not available in the Swiss firm sample we take the next higher industry classification. This allows us to get variation over eight di↵erent durable good industries.
38 The corresponding first stage regressions are found in Appendix B. Notes: *** p<0.01, ** p<0.05, * p<0.1 denote significance on the 10%, 5% and 1% level, respectively. Robust standard errors (clustered on the industry-year level jt) are given in parentheses. Observations below the 10 percentile of value added each year are excluded. All columns include year and industry fixed e↵ects as well as a set of firm-and industry-level controls (the log of number of workers, age (measured by a dummy), a dummy for collective, state and foreign ownership, coastal location, respectively and the Hirschmann-Herfindahl index). 1(EXP i,j,t > 0) is one if a firm has positive export sales. ln MS actual j,t,t+4 is instrumented with ln MS potential j,t,t+4
and ln MS actual j,t,t+4 ⇥ 1(EXP i,j,t > 0) with ln MS potential j,t,t+4
⇥ 1(EXP i,j,t > 0). T ECHP OT j,t is the world wide technology potential assessed by Swiss firms in the KOF Innovation Survey.
The e↵ect is again positive and significant. An increase in market size by one percent yields an increase of 0.4% in firm's labor productivity. Again, the 2SLS estimates are larger than the corresponding OLS estimate. Column (3) shows the results when standard errors are clustered at the firm-level. Finally, column (4) of Table 5 shows that results are robust to the inclusion of the additional controls for export behavior of firms and the technology potential measure to account for supply-side drivers (as discussed in Section 5.2). Notes: *** p<0.01, ** p<0.05, * p<0.1 denote significance on the 10%, 5% and 1% level, respectively. Observations below the 10 percentile of value added each year are excluded. All columns include year and industry fixed e↵ects and a set of firm-and industrylevel controls (the log of number of workers, age (measured by a dummy), a dummy for collective, state and foreign ownership, coastal location, respectively and the Hirschmann-Herfindahl index). Column (4) in addition introduces a dummy for positive exports, 1(EXP i,j,t > 0) and the supply side control, T ECHP OT j,t . ln MS actual j,t,t+4 is instrumented with ln MS potential j,t,t+4
.
Regressions on the Industry Level
Since our innovation measure comes from the firm-level dataset but the market size e↵ect is identified at the industry level, there may be a risk of underestimating the standard errors. Although we cluster standard errors at the industry-time level, a remaining concern is that observations may be correlated at the industry level over di↵erent periods. While clustering at the industry level would resolve this issue, this avenue is not possible due to an insu cient number of clusters. As a way to mitigate concerns, we check if the results are robust to collapsing all firm-level observations at the industry level and re-run our baseline regressions using a weighted least squares approach, using the number of firms within each industry as weights, as suggested by Angrist and Pischke (2009) . In addition, we control for heteroscedasticity among error terms and report robust standard errors. Table 6 displays similar regressions shown in Table 1 using either TFP (columns (1)- (3)) or labor productivity (columns (4)- (6)) as the dependent variable. 39 All specifications include the full set of industry and time fixed e↵ects and the set of control variables of size, age, region, market competition, ownership structures. Columns (3) and (6) additionally control for export behavior and technology potential as supply side driver (see above).
In particular, the new set of controls is defined as the (unweighted) mean over all firmlevel variables within one industry and each year including the mean of dummies such as ownership. 40 The results are similar to those in Table 1 . In our preferred 2SLS specification with the full set of controls (see columns (3) and (6) of Table 6 ), an increase of industry's market size by one percent translates into an increase in TFP of about 0.68% and into an increase in labor productivity of about 0.7%. 41 These results are reassuring and provide additional credibility to the firm-level analysis. Notes: *** p<0.01, ** p<0.05, * p<0.1 denote significance on the 10%, 5% and 1% level, respectively. Robust standard errors are given in parentheses. Observations below the 10 percentile of value added each year are excluded. All columns include year and industry fixed e↵ects as well as the simple industry mean of the set of firm-and industry-level controls (the log of number of workers, age (measured by a dummy), a dummy for collective, state and foreign ownership, coastal location, respectively and the Hirschmann-Herfindahl index). Column (3), (6) in addition introduce a dummy for positive exports, 1(EXP i,j,t > 0) and the supply side control, T ECHP OT j,t . lnMS actual j,t,t+4 is instrumented with ln MS potential j,t,t+4
. Regressions are weighted by the number of firms within a sector.
39 In particular, we focus on the specifications that include the full set of firm-level controls. 40 Corresponding first stage regressions are found in Table B .8 in Appendix B. 41 Note that the F-statistics in columns (2) and (5) are below the conventional level of 10. Thus, these regressions are subject to a mild weak instrument problem and we prefer the specification with all control variables including export behavior and technology potential.
Conclusion
Much of the previous literature studying determinants of the spectacular growth performance of the Chinese economy has focused on supply-and technology-factors, while the role of demand forces is still poorly understood. This paper focuses on firm's expectations about future market size as a potentially important channel that contributes to our understanding of technical progress in the Chinese manufacturing sector. The basic source of variation for potential market size comes from Chinese growth and its huge (and predictable) impact on the Chinese income distribution. In 1990, 99 percent of Chinese consumers had an income lower than 8500 Yuan (at constant 2009 prices) and were lowor lower-middle income households according to World Bank Classification. By the year 2009, this fraction had fallen to 50 percent. The associated change in the Chinese income distribution did not a↵ect industries equally. To the extent that the Engel-curves for the industry's various products is non-linear, industries are a↵ected di↵erentially. It is this source of variation that underlies our identification strategy. To establish an empirical link between expected market size and technical progress, we combine household-expenditure data from Chinese Health and Nutrition Survey (CHNS) and firm-level data from the Annual Survey of Industrial Production (ASIP). Looking at 16 industries covering a substantial share of household expenditures for consumer durables, CHNS data allows us to construct product-specific Engel-curves for the 16 consumer durables. Combining these income-driven changes in consumer behavior with information on the income distribution (income-class specific population shares) allows us to estimate a measure of expected market size, whose evolution over time is entirely driven by income growth. Using firm-specific productivity data estimated from ASIP data, we ask how firm performance is a↵ected by expected market size. Our findings suggest that demand e↵ects are quantitatively important: a one percent increase in expected market size increases firm-specific TFP by 0.27% and firm-specific labor productivity by 0.42%. Firms in industries with a large expected local market are significantly more productive today, and show higher levels of other measures of innovative activity. We think that, in the future, the role of demand forces may become even stronger as a driver of Chinese growth than they were in in the recent past. China's share of private consumption in total GDP is still quite low by international standards and may converge to international levels in the future. Together with sustained economic growth, the size of the Chinese home market will become as important as the export market making Chinese firms less dependent on exports and let them focus more closely on the home market. Our results suggest that these dynamics from the demand side may have important implications for technical progress and may help to sustain high Chinese growth also in the years to come.
A Data Appendix
A.1 Market Size & CHNS
Definition of Income Groups
Household income and household income per capita is provided by the CHNS in longitudinal data-files including the latest wave 2009. 42 Household disposable income in the CHNS is conceptualised as the sum of all sources of market and non-market incomes or revenues minus expenses on the household or individual level. We use houehold income deflated to constant 2009 Yuan, using the price deflator provided by the CHNS (2012a,b) which is based on a standard NBS consumer basket allowing for price di↵erences between urban and rural areas. We split the income distribution into g = 1, ..., G groups setting fixed income thresholds in constant 2009 Yuan and calculate the population share i g,t of each income group g for each survey year t.
In our baseline, we take inspiration from the World Bank's (WB, 2009) classification of countries 43 and divide households into four (G = 4) income groups: low income, lower middle income, upper middle income and high income. To account for sampling artefacts in the 2006 survey, we project household incomes per capita between 1997 and 2009 using the growth rate of average household income per capita in this period. The World Bank's thresholds in constant 2009 dollars and were converted into constant 2009 yuan. All dollar figures where converted into constant 2009 Yuan using the exchange rate and PPP adjustment factors. 44 To account for the small number of observations in early waves in some higher income groups, we slightly adjusted these thresholds with the largest adjustment for the threshold of the high income group. 45 Usage Profiles and Base-Year The choice of a base-year for ownership profiles implies di↵erent assumptions about entrepreneurs expectations, on the one hand, and accuracy considerations on the other hand. Taking ownership profiles from a survey year at the beginning of our panel, e.g 1997, we assume that entrepreneurs base their expectations about ownership profiles on durable good prices and qualities from 1997. As Beerli (2010) shows in his analysis of durable good ownership between 1989 and 2006, depending on the durable good, ownership rates were generally increasing across the income distribution mainly explained by a substantial fall in durable goods prices but also by improvements in public service provision and other factors. Additionally, ownership rates increased unevenly across the income distribution with poor households gaining much more from price changes compared to richer income groups. This implies that the aggregate, potential ownership stocks based on the year 1997 42 See Beerli (2010) for a more detailed description. 45 The adjusted thresholds are: low income, US $ 2'149, low middle income, US $ 2'150 -US $US 4'167, high middle income, US $ 4'168 -US $ 8'075, high income, US $ 8'076 or more.
will underestimate the true market size substantially. With respect to accuracy, picking 1997 as a base-year involves the problem that there are relatively few rich households (i.e. less than 1%) which makes the information about their ownership profiles relatively inaccurate. 46 Taking the latest survey year available, i.e. 2009, on the other hand, assumes that entrepreneurs form their expectations (about the future development of durable good sales) based on durable good prices and qualities from 2009. Since ownership rates generally increased over time, our potential ownership stock measure based on the year 2009 overestimates the true market size. Yet, since there are many more rich households in 2009 than in earlier years, their ownership profile should be estimated more accurately. Thus, independently from the choice of the base-year, potential stocks will be either overor underestimated. Moreover, it means that potential sales, the di↵erence between two years, will generally be lower than actual sales. 47
Population Measure Implications
In the CHNS we observe a household's ownership and change in ownership status of a specific durable good variety j and without having information on its price and quality. Dealing with such a population measure of market size has some implications. 48 First, we can not distinguish between a car acquisition of one household to another household on a quality or price dimension 49 . All acquisition within the same durable good variety j receive the same (population) weight. 50 Thus, we think of the new car acquisition, which we observe in the CHNS, as an average car bought or a count measure of sales whose magnitude can only be compared across durable goods. Second and related, we can not distinguish between sales values of similar magnitude between di↵erent durable goods. A 1 percentage point sale of cars and a 1 percentage point sale of bicycles a↵ects their respective industries with a similar magnitude although an average car di↵ers from an average bicycle to a large extent in value terms.
A.2 Construction of Total Factor Productivity at the Firm-level
To construct a measure of firm-level productivity we follow an estimation procedure suggested by Levinsohn and Petrin (2003) . They propose taking intermediate inputs as a proxy for unobserved shocks a↵ecting a firm's input choice instead of investment as suggested by Olley and Pakes (1996) . One advantage of this approach is strictly data driven as investment is zero for many firms in our dataset whereas intermediate inputs are not. As Levinsohn and Petrin (2003) show, taking investment as proxy for unobserved productivity shocks is only valid for firms reporting non-zero investment. We use the STATA implementation levpet to estimate the parameters of the production function:
46 Another problem is that some durable goods become available only in later survey years, e.g. cellphones from 2004.
47 This is in line with the findings of Beerli (2010) who finds that the share of changes in aggregate ownership explained by income can di↵er substantially between di↵erent durable goods, being only 31% for color TVs.
48 Note that Acemoglu and Linn (2004) use a similar population measure of drugs used in a certain age group.
49 This also includes second hand markets. 50 Note that also acquisitions across time cannot be distinguished, although a car bought in 1989 and one bought in 2009 might, technically speaking, be a very di↵erent durable good.
using the logarithm of real intermediate inputs, m i,t , as proxy variable. y i,t denotes the logarithm of real value added of firm i in year t, l i,t denotes the logarithm of the number of workers, k i,t the logarithm of the real capital stock, ! i,t represents the unobserved productivity component and ⌘ i,t is an error term that is uncorrelated with input choices. The real capital stock variable was constructed following a procedure suggested by Brandt et al. (2011) . Nominal values of value added and the capital stock measure were deflated using the input-and output-deflators provided by Brandt et al. (2011) .
The estimation yieldsˆ l = 0.176 andˆ k = 0.36. According to Levinsohn and Petrin (2003) , estimated productivity for firm i at time t is then given bŷ . The first row of each durable good shows usage intensities (theū j,g = u j,g,t=2009 s), i.e. the average number of goods per capita, and the second row shows the increase in the usage intensity (in brackets) moving from the income group below into the income group of that column. Notes: ln T F P i,j,t denotes log of total factor productivity of firm i in industry j and year t, estimated as described in Appendix A.2. ln Laborproductivity i,j,t is measured as the log of firm's value added over its number of employees. SIZE i,j,t the log of number of workers. ln MS actual j,t,t+4 and ln MS potential j,t,t+4
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are actual and potential market size measured in log-terms, respectively and over a five year time horizon as described in the text. 1(F OE i,j,t = 1), 1(SOE i,j,t = 1), 1(COE i,j,t = 1) and 1(DP E i,j,t = 1) indicate whether a firm is foreign owned, state owned, collectively owned or a domestic private enterprise, respectively. 1(AGE i,j,t > AGE) indicated whether a firm is above the median age of all firms in the sample. 1(COAST i,j,t = 1) is a dummy for whether a firm is located in a coastal province. HHI j,t is the Hirschmann-Herfindahl index as described in the text. 1(EXP i,j,t > 0) is a dummy for whether a firm has positive export sales and T ECHP OT j,t is the world wide technology potential assessed by Swiss firms in the KOF Innovation Survey. Data is based on the 10% trimmed sample (see Section 2.2). Notes: ln T F P i,j,t denotes log of total factor productivity of firm i in industry j and year t, estimated as described in Appendix A.2. ln Investment i,j,t is the yearly di↵erence of a firm's fixed assets in logs. ln Laborproductivity i,j,t is measured as the log of firm's value added over its number of employees. SIZE i,j,t is defined as the log of number of workers. ln MS actual j,t,t+4 and ln MS potential j,t,t+4
are actual and potential market size measured in logs, respectively, over a five year time horizon as described in the text. Data is based on the 10% trimmed sample (see Section 2.2). Notes: 1(F OE i,j,t = 1), 1(SOE i,j,t = 1), 1(COE i,j,t = 1) and 1(DP E i,j,t = 1) indicate whether a firm is foreign owned, state owned, collectively owned or a domestic private enterprise, respectively. 1(AGE i,j,t > AGE) indicated whether a firm is above the median age of all firms in the sample. 1(COAST i,j,t = 1) is a dummy for whether a firm is located in a coastal province. HHI j,t is the Hirschmann-Herfindahl index as described in the text. Data is based on the 10% trimmed sample (see Section 2.2). Figure A. Notes: CHNS data. Usage per head on the y-axis (di↵erent scales), the four income groups on the x-axis in ascending order. The solid line represents the usage profile, u j,g,t , in the first survey period available before our analysis period. For most goods this is 1997 whereas it is 2004 for cellphones and 2006 for satellite dishes. The dashed line represents the usage profile for the latest wave available in the CHNS. For most goods this is 2009 whereas it is 2006 for radios. Income groups are defined as described in Section 3.2. Notes: *** p<0.01, ** p<0.05, * p<0.1 denote significance on the 10%, 5% and 1% level, respectively. Robust standard errors (clustered on the industry-year level jt) are given in parentheses. Observations below the 10 percentile of value added each year are excluded. All columns include year and industry fixed e↵ects as well as a set of firm-and industry-level controls (the log of number of workers, age (measured by a dummy), a dummy for collective, state and foreign ownership, coastal location, respectively and the Hirschmann-Herfindahl index). 1(EXP i,j,t > 0) is one if a firm has positive export sales. ln MS actual j,t,t+4 is instrumented with ln MS potential j,t,t+4
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. T ECHP OT j,t is the world wide technology potential assessed by Swiss firms in the KOF Innovation Survey. Notes: *** p<0.01, ** p<0.05, * p<0.1 denote significance on the 10%, 5% and 1% level, respectively. Observations below the 10 percentile of value added each year are excluded. All columns include year and industry fixed e↵ects. The reported R 2 reported equals the partial R 2 . Notes: *** p<0.01, ** p<0.05, * p<0.1 denote significance on the 10%, 5% and 1% level, respectively. Robust standard errors (clustred on the industry-year level jt) are given in parentheses. All columns include year and industry fixed e↵ects as well as a set of firm-and industry-level controls (the log of number of workers, age (measured by a dummy), a dummy for collective, state and foreign ownership, coastal location, respectively and the Hirschmann-Herfindahl index). The reported R 2 reported equals the partial Notes: *** p<0.01, ** p<0.05, * p<0.1 denote significance on the 10%, 5% and 1% level, respectively. Robust standard errors (clustered on the industry-year level jt) are given in parentheses. Observations below the 10 percentile of value added each year are excluded. All columns include year and industry fixed e↵ects as well as a set of firm-and industry-level controls (the log of number of workers, age (measured by a dummy), a dummy for collective, state and foreign ownership, coastal location, respectively and the Hirschmann-Herfindahl index). The reported R 2 reported equals the partial R 2 . In Column (3) F-Stats1 and the R 2 are on the first stage of ln MS potential j,t,t+4
First Stage Regressions
, and F-Stats2 and R 2 2 are w.r.t. ln MS potential j,t,t+4
⇥ 1(EXP i,j,t > 0). Notes: *** p<0.01, ** p<0.05, * p<0.1 denote significance on the 10%, 5% and 1% level, respectively. Robust standard errors (clustered on the industry-year level jt) are given in parentheses. Observations below the 10 percentile of value added each year are excluded. All columns include year and industry fixed e↵ects as well as a set of firm-and industry-level controls (the log of number of workers, age (measured by a dummy), a dummy for collective, state and foreign ownership, coastal location, respectively and the Hirschmann-Herfindahl index). The reported R 2 reported equals the partial R 2 . Notes: *** p<0.01, ** p<0.05, * p<0.1 denote significance on the 10%, 5% and 1% level, respectively. Observations below the 10 percentile of value added each year are excluded. All columns include year and industry fixed e↵ects and a set of firm-and industrylevel controls (the log of number of workers, age (measured by a dummy), a dummy for collective, state and foreign ownership, coastal location, respectively and the Hirschmann-Herfindahl index). Column (4) in addition introduces a dummy for positive exports, 1(EXP i,j,t > 0) and the supply side control, T ECHP OT j,t . The reported R 2 reported equals the partial R 2 . Notes: *** p<0.01, ** p<0.05, * p<0.1 denote significance on the 10%, 5% and 1% level, respectively. Robust standard errors are given in parentheses. Observations below the 10 percentile of value added each year are excluded. All columns include year and industry fixed e↵ects as well as the industry mean of the set of firm-and industry-level controls (the log of number of workers, age (measured by a dummy), a dummy for collective, state and foreign ownership, coastal location, respectively and the HirschmannHerfindahl index). Regressions are weighted by the number of firms within a sector. The reported R 2 reported equals the partial R 2 .
